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ABSTRACT 10 
The ability of Fourier Transform Near-Infrared (FTNIR) spectroscopy and chemometric 11 
method was investigated to determine the concentration of major hydrocarbon components of 12 
natural gases at pressures from 3.44 to 13.78 MPa and temperatures from 278.15 to 313.15 K. 13 
Various PLS models were developed to determine the concentration of methane, ethane, 14 
propane, i-butane, and n-butane simultaneously in gas phase at different pressures and 15 
temperatures using the acquired FTNIR spectra. Several pre-processing techniques were 16 
tested prior to the construction of the calibration models. The first Savitzky-Golay derivative 17 
with smoothing over 5 points plus orthogonal signal correction (OSC) was found to be the 18 
best method for FTNIR data pre-processing. Good agreement was obtained between the 19 
predicted data by PLS models and the measured values with a standard error of prediction 20 
(SEP) of 0.184 – 0.217, 0.165 – 0.209, 0.136 – 0.181, 0.098 – 0.154 and 0.096 – 0.142 21 
cmol/mol for methane, ethane, propane, i-butane and n-butane respectively at different 22 
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temperature and pressure conditions. The developed PLS models were evaluated for a real 1 
natural gas, and a good agreement between the PLS model prediction and the GC analysis 2 
was gained at different pressures. Finally, the sensitivity of the FTNIR spectroscopy 3 
technique to the system pressure and temperature was investigated. It was verified that 4 
changes in pressure and temperature within a certain range affect the accuracy of the PLS 5 
models. The results suggest that FTNIR spectroscopy in association with chemometric 6 
method based on the PLS algorithm is a viable approach for monitoring changes in the 7 
concentration of major components in gas phase. 8 
1. INTRODUCTION 9 
Nowadays, natural gas is one of the most efficient and popular sources of energy in the 10 
world, and it plays an essential role in the manufacturing industry and transportation, 11 
commercial and residential sectors.
1
 Methane is the main component of natural gases and is 12 
typically between 87 to 97 cmol/mol, and ethane, propane, butanes and pentanes are others 13 
main hydrocarbon components in natural gases.
2-3
 Also, natural gas composed of non-14 
hydrocarbon gases such as nitrogen and carbon dioxide.
4
 Monitoring the hydrocarbon 15 
compositions of natural gas is important to evaluate the quality of gas, and it has various 16 
application in oil and gas industry during hydrocarbon production, transportation and 17 
processing. For instance, in oil and gas sector, it is important to monitor and characterise the 18 
composition of natural gas products precisely and continuously to ensure the quality of 19 
natural gas. Moreover, monitoring the composition of produced gas could provide an early 20 
indication of hydrate formation based on the reduction of some hydrocarbon components in 21 
the gas phase.
5-8
 Gas chromatography (GC) is by far the most promising method for 22 
measuring the concentration of hydrocarbons in gas phase.
9
 However, this approach has some 23 
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certain drawbacks, e.g., the measurement time. The time taken for the analysis of gas sample 1 
using GC is varied from 5 minutes to 30 minutes depending on the length and temperature of 2 
the columns. Longer column, and lower temperature will increase the retention time (required 3 
time for a compound to pass through the column). Furthermore, GC analysis is pricey as 4 
carrier gas and maintenance are needed for running GCs. Over the last decades, spectroscopic 5 
methods have become more and more favourable in food, pharmaceutical, and petroleum 6 
industries.
10-14
 The major advantages of these methods compared to other analytical methods 7 
are that they can be used for at-line and in-line measurement to determine the selected species 8 
of interest inside the sample with fast response and high accuracy.
15
 Moreover, there is no 9 
need for carrier gas such as helium or nitrogen that are required by a GC, which further 10 
reduces the operational cost. In particular, vibrational spectroscopy methods such as near-11 
infrared (NIR), middle-infrared (MIR) and Raman spectroscopy are well-suited for the 12 
determination of hydrocarbon species inside the gas phase.
9, 16
 However, each method has its 13 
advantages and disadvantages.
17
 The infrared region is based on the interaction of 14 
electromagnetic radiation with the compounds and is described by the energy transfer 15 
between the light and the matter. The infrared region is split into three subsets, near-infrared 16 
(NIR), middle-infrared (MIR) and far-infrared (FIR). MIR and NIR are employed 17 
commercially in the context of natural gas analysis, where MIR takes the measurement 18 
wavelength between 2500 to 25000 nm (wavenumber 4000 to 400 cm
-1
), in which 19 
fundamental vibrational bands can be found. NIR covers 780 to 2500 nm (wavenumber 20 
12500 to 4000 cm
-1
) range and represents the vibrational overtone and combination bands 21 
that are derived by the fundamental vibrational observed in the MIR region. 22 
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A number of research projects have been carried out for the development and improvement of 1 
MIR and NIR techniques to monitor and determine the selected species of interest in the gas 2 
mixtures.
17
 Danta et al.
18
 employed NIR spectroscopy to monitor the changes in the 3 
concentration of methane in natural gas for quality control where the pressure for calibration 4 
and test samples were fixed at 0.4 MPa at room temperature. They selected the spectral range 5 
from 9100 to 4800 cm
-1
 (1099 to 2083 nm) since it carries the relevant spectroscopic 6 
information to monitor the methane content in natural gas. A comparison was made between 7 
NIR and MIR spectroscopies to measure methane, ethane and propane contents in natural 8 
gases using various chemometric algorithms by Makhoukhi et al.
19
 They found that NIR 9 
spectroscopic method is more accurate than MIR to measure methane, ethane, and propane 10 
contents in natural gases. NIR spectroscopy has found broader applications in the industrial 11 
processes than MIR spectroscopy. One of the reasons is that transmitting materials for NIR 12 
are less expensive than MIR.
20
 Also, due to high absorption of materials in MIR region and 13 
low amount of energy produced by the MIR sources, samples need to be analysed through a 14 
very efficient and tiny path length.
21
 In 2014, Rohwedder et al.
22
 reported the use of a 15 
MicroNIR spectrometer to determine concentrations of methane, ethane, propane and butane 16 
in synthetic gas mixtures at atmospheric pressure. Partial least squares (PLS) was employed 17 
to develop the calibration model to relate the spectrum of synthetic gas mixtures and their 18 
methane, ethane, propane and butane contents. The results revealed that this instrument could 19 
be employed as an optical hydrocarbon analyser with good accuracy and fast response. 20 
Literature survey shows that there are limited NIR spectroscopy works reported for 21 
measuring the concentration of hydrocarbon species (methane through butanes) in the gas 22 
phase at high pressures. For field applications where pipeline systems are operating at high 23 
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pressures, there is a strong demand for fast response, user-friendly, and cost-effective 1 
methods for composition analysis of hydrocarbon gases at in-situ pressures. GC analysis just 2 
can be performed close to atmospheric pressure, and it is necessary to regulate the pressure of 3 
gas from high pressures to low pressures. This reduction in pressure can cause changes in the 4 
composition of the hydrocarbon phases as heavy hydrocarbons drop out from the gas phase 5 
into the liquid phase. Dong et al.
23
 developed a downhole NIR analyser to predict the 6 
concentration of hydrocarbons in gas phase using chemometric methods under in-situ 7 
pressure up to 137.89 MPa and temperature up to 423.15 K. It should be mentioned that in 8 
that study propane, butanes and pentanes were grouped together in order to improve the 9 
accuracy of gas analyser and these components cannot be measured separately in gas samples 10 
by the analyser. 11 
In this communication, the capability of the FTNIR spectroscopy and PLS algorithm was 12 
investigated for measuring methane, ethane, propane, i-butane and n-butane contents at 13 
various pressures and temperatures. Different pre-processing techniques were carried out 14 
prior to the construction of PLS calibration models to investigate the model prediction 15 
capability. Moreover, we examined the influence of a change in pressure and/or temperature 16 
in the accuracy of one of the developed PLS regression models that were calibrated at a 17 
known condition of temperature and pressure. 18 
2. METHOD  19 
The basic of NIR spectroscopy measurement is based on the Beer-Lambert’s law given in 20 
Eq.1: 21 
 = log  	 = 	ξlc		                                                                                                                (1) 22 
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Where A represents the absorbance of the beam, I0 is the intensity of incident light, I is the 1 
intensity of incident light after passing through the sample, ξ is the molar absorptivity, l is the 2 
sample path length (the length that light travels), and c is the sample concentration. Major 3 
absorption bands for hydrocarbons in the NIR region normally occur in the ranges 1100-1200 4 
nm, 1350 to 1450 nm, and 1600 to 1850 nm.
3
 The absorption bands in the ranges from 1100 5 
to 1200 nm are related to the second overtone of the hydrocarbons, whereas the absorption 6 
bands between 1350 to 1450 nm belongs to the first overtone of the combination modes of 7 
the hydrocarbons which are associated with CH bonding. The main features of the spectra are 8 
the absorption in the range of 1600 to 1850 nm that is associated with the first overtone 9 
stretching of CH, CH2 and CH3 bands that are related to the methane, ethane, propane, i-10 
butane and n-butane in the hydrocarbons gas mixtures. 11 
FTNIR spectra of pure methane, ethane, propane, i-butane, and n-butane at atmospheric 12 
pressure, at a temperature of 293.15 K and spectral range of 1100 to 2000 nm are depicted in 13 
Figure 1. The FTNIR spectra of hydrocarbon components in this region are different which is 14 
due to the differences in their molecular structures. As it is evident, there are some 15 
overlapping bands throughout the NIR regions that are referring to the first overtone, second 16 
overtone and first overtone combination band of pure hydrocarbon components. Hence, it is 17 
required to employ multivariate methods to extract the desired information from spectral data 18 
to measure the concentration of each single component. 19 
2.1 Partial least square (PLS) analysis 20 
Principal components analysis (PCA) and partial least squares (PLS) are the most commonly 21 
multivariate mathematic techniques to develop the calibration models using the spectra 22 
obtained from calibration samples. The PCA goal is to extract the information from a data 23 
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matrix (X) by explaining the variation in the data,   whereas PLS models the relation between 1 
the spectra data and the components concentration using latent variables. The details about 2 
PLS and PCA algorithms as well as their pros and cons can be found in other studies
24-25
. In 3 
the current study, the PLS algorithm is used to perform the calibration and the regression to 4 
determine the concentration of methane, ethane, propane, i-butane, and n-butane in the gas 5 
phase. The PLS analysis can be done by using all the calibration spectra in the region of 6 
interest. These latent variables capture the maximum covariance between the reference data 7 
and the recorded spectrum. The equation of PLS models are derived as follows: 8 
  	 = 	 	+ 	                                                                             (2)  9 
  	 = 		 + 	                                           (3) 10 
Where X is the spectral data, Y represents the content of hydrocarbons (methane through 11 
butanes) in synthetic gas mixtures. P and Q resemble the loadings matrix of the X and Y, 12 
respectively. T and U correspond to score matrices of X and Y. E and F are both residual 13 
errors of the X and Y that represent the noise or irrelevant variable.
22
  In this method, the 14 
latent variables of the dependent variable (X) are correlated to the latent variables of the 15 
independent variable (Y) [Eqs.2 and 3]. In other words, the aim of using a PLS regression 16 
model is to decompose both X and Y into two loadings and score matrices and then find a 17 
regression model between the score matrices of X and Y with a maximum covariance [Eq.4]. 18 
	 = 		 + 	                                                 (4) 19 
Where B is a diagonal matrix that represents the regression coefficients between T and U and 20 
G is the residual value. This regression coefficient can be used for future content prediction 21 
of the component of interest.
26-27
 22 
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One of the important factors to develop an appropriate PLS model using the FTNIR spectra 1 
of calibration data is selecting the optimum number of latent variable (LV).
28
 There are 2 
several approaches to find the optimal number of latent variables, which is described in the 3 
literature .
29
 In this work, the leave-one-out cross-validation was employed to develop the 4 
PLS model. In this method, after removing of one sample from the calibration data set a 5 
developed PLS model is used for the remaining samples to predict the concentration of the 6 
removed sample.  This procedure was repeated for all the calibration data set, and then the 7 
root mean square errors of cross-validation (RMSECV) was calculated using Eq.5: 8 
  RMSECV = 	∑ ("#$%	"&#$)()$*+ ,                                              (5) 9 
Where -./ 	and -&./  are the actual and predicted value of the sample that was left out from the 10 
validation set and n is the number of validation samples. After selecting the appropriate 11 
calibration model, a series of raw data that were not part of the calibration data set was used 12 
to determine the accuracy of the developed model. Therefore, the root mean square error of 13 
prediction (RMSEP) was measured for the predicted concentration of each individual 14 
component. Standard error of prediction (SEP) was calculated using Eq. 6 to examine the 15 
significance of bias in each PLS model. 16 
 0 = ∑ ("1$%	"&1$%2/34)$*)$*+ ,                                                                                                    (6) 17 
                          18 
The bias can be calculated through Eq. 7: 19 
5678 = 	∑ ("1$%	"&1$)$*)$*+ ,                                                                                                    (7) 20 
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Student’s “t” statistic test was also carried out with 95% confidence level and n-1 degrees of 1 
freedom
30
, to investigate the existence of  systematic error for each model. 2 
 9:3;<= 	= 		 |2/34|√,@AB                                                                                                                   (8) 3 
Relative prediction deviation (RPD) was calculated to investigate the predictive performance 4 
of the developed model. RPD is the ratio of the standard deviation of all the prediction set 5 
(SD) to SEP. 6 
CD =	 @E@AB                                                                                                                             (9) 7 
The greater the RPD value, the higher ability of the PLS model to predict the concentration of 8 
species. An RPD value below 1.5 reveals that the calibration model is poor and cannot be 9 
used as a reliable model for further prediction.
31
 10 
2.2 Pre-processing of near-infrared spectra 11 
The main concept behind the pre-processing techniques is to eliminate unwanted background 12 
data and reduce noise level before construction of the calibration model.
20, 32
 Various pre-13 
processing techniques can be applied to the spectral data to improve the accuracy of the 14 
developed calibration model. In this study, the spectra were pre-treated using multiplicative 15 
scatter correction (MSC); standard normal variate (SNV); first and second Savitzky-Golay 16 
derivatives (SGD1 and SGD2)
32
; first Savitzky-Golay derivative followed by the orthogonal 17 
signal correction (SGD1 + OSC) and second Savitzky-Golay derivative followed by the 18 
orthogonal signal correction (SGD2 + OSC). OSC was applied after the SGD1 and SGD2 to 19 
eliminate the spectral data that are unrelated to the dependent variable to reduce the data 20 
variance in the spectra. Detail theory of the OSC is described in elsewhere.
33
 It should be 21 
highlighted that, in all cases, the pre-treated spectra were also mean-centred before 22 
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developing the PLS model. The SGD1-OSC method produced the best results in terms of root 1 
mean square error of cross validation (RMSECV) compare to other techniques and was used 2 
for data pre-treatment. This paper, therefore, considers the results of PLS model using this 3 
technique. 4 
The pre-processing techniques including MSC, SNV, first and second Savitzky-Golay 5 
derivatives and OSC plus PLS analyses were all performed in Unscrambler® X10.3 (CAMO, 6 
Oslo, Norway). 7 
3. EXPERIMENTAL 8 
3.1 Apparatus 9 
Figure 2 shows a schematic of the experimental apparatus. An FTNIR spectrometer 10 
(Arcoptix) was used for spectra acquisition in the working range between 900 to 2600 nm. A 11 
20 watt halogen light sources with attenuator (HL-2000-FHSA, Ocean Optics) was guided to 12 
the FTNIR spectrometer via a high-pressure cell containing the test sample through fibre 13 
optic cables. The sample cell used for the FTNIR measurements is made of titanium with an 14 
effective optical path length of 1.4 cm, internal diameter of 5.0 cm (inner volume of about 28 15 
cm
3
), and operating temperature from 273.15 to 323.15 K, and maximum operating pressure 16 
of 35 MPa. Each end of the cell are equipped with a sapphire window that allows the light 17 
pass through the sample. A lens holder was positioned at one end of the cell window to house 18 
the collimating lens. The collimating lens (74-UV, Ocean Optics) was employed to convert 19 
the divergent beam of the light source into a parallel beam to improve the signal intensity. 20 
The FTNIR spectrometer has USB connectivity for control and data acquisition. For 21 
measurements of test samples, an average of thirty spectra was recorded, and the spectrum 22 
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measurement was repeated three times. The analysis for each measurement typically took 1 
about 90 seconds. 2 
The temperature of the cell was controlled using a jacket connected to a temperature-3 
controlled bath that circulates coolants through the jacket. A high precision Platinum 4 
Resistance Temperature (PRT) probe was used to measure the temperature of the sample. A 5 
precision thermometer (Prema 3040) was employed to calibrate the temperature probe. The 6 
uncertainty of the calibrated PRT probe is estimated to be within ± 0.1 K. A piezo resistive 7 
silicon pressure transducer (Druck PDCR 4060) was used to measure the pressure inside the 8 
sample cell. The pressure transducer was regularly calibrated against a dead weight pressure 9 
balance. This calibration procedure ensures that the pressure transducer is accurate to ± 0.01 10 
MPa. 11 
3.2 Materials 12 
The specification and suppliers of the materials used in this study are listed in Table 1. 13 
Thirty-one calibration gas mixtures and twenty prediction gas mixtures were prepared in the 14 
laboratory with composition of methane varying between 80 and 100 cmol/mol, ethane 15 
between 1 to 12 cmol/mol, propane between 1 to 6 cmol/mol, i- butane between 0.5 to 2 16 
cmol/mol and n-butane between 0.5 to 2 cmol/mol. The concentration of the calibration 17 
mixtures was designed to cover the typical concentration ranges of natural gas components 18 
(see Table 2). All the synthetic gas mixtures were prepared inside the high-pressure vessel by 19 
combining pure components on a weight basis using a two digit electronic balance 20 
(Sartorious, Cubis MSA8201S-0CE-D0, accuracy ± 0.01g). After injecting all the pure 21 
components into the vessel, the composition of the mixtures was calculated for each sample. 22 
All the synthetic gas mixtures were then analysed using a gas chromatography (Varian model 23 
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CP-3800) to validate their compositions. A Flame Ionisation Detector (FID) was used to 1 
detect the concentration of hydrocarbons in the gas samples, and the Thermal Conductivity 2 
Detector (TCD) was employed to detect the concentrations of nitrogen and carbon dioxide. A 3 
small difference was observed between the experimental value and measured value by GC 4 
(see Table 2). Average of three measurements by GC was chosen as the true value for the 5 
calibration and prediction data set. 6 
3.3 Procedures 7 
Before starting the experiments, the high-pressure cell, sample cylinders, and the sapphire 8 
windows were cleaned thoroughly by n- heptane and then compressed air was passed inside 9 
the line, valve, and cell to dry the whole system. To ensure there is no leakage in the entire 10 
system, a pressure test was performed by injecting nitrogen into the cell, and the system was 11 
left for few hours. Once no leakage was observed in the system, the system was depressurised 12 
and vacuum was applied to the high-pressure cell, as well as all fluid loading lines. A 13 
spectrum of empty cell (vacuumed) with an average of thirty scans was recorded as the 14 
reference spectrum before each measurement. 15 
A typical spectrum of the gas mixture was measured at various pressures and temperatures 16 
following the procedure below. Firstly, the FTNIR cell was set at desired temperature, and 17 
then the cell was connected to a pressurised cylinder containing the synthetic gas mixture and 18 
filled. A floating piston in the middle of the pressure cylinder was driven using pressurised 19 
nitrogen. Hence, the pressure of cell can be adjusted by injection/withdrawal of nitrogen 20 
behind the moving piston. The gas samples were injected/withdrawn slowly into/from the 21 
FTINR cell to avoid damage to the sapphire windows. Once the desired equilibrium pressure 22 
had been reached the line was disconnected from the pressure cylinder and the spectrum was 23 
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recorded three times by the averaging of thirty scans to reduce the noise level. The pressure 1 
of the cell was kept constant during FTNIR measurements. The averaged spectrum was then 2 
used for data pre-processing and developing the (PLS) regression models. This procedure 3 
was repeated for all the samples at three different temperatures. 4 
4. RESULTS AND DISCUSSION 5 
4.1 Influence of temperature and pressure on FTNIR spectrum of hydrocarbons 6 
mixtures 7 
In order to examine the influence of temperature on FTNIR spectra at constant pressure, the 8 
pressure of the synthetic gas mixture inside the cell was kept constant at 6.89 MPa, and the 9 
FTNIR spectra were recorded at three different temperatures (278.15 K, 293.15 K, and 10 
313.15 K). As it clear in Figure 3, the absorption of the gas mixture increased slightly with 11 
decreasing temperature at regions those hydrocarbons absorb the NIR radiation. These 12 
changes with temperature designate that the FTNIR spectra of hydrocarbons mixtures are 13 
dependent on temperature. Therefore, it is necessary to record the FTNIR spectrum at 14 
different temperatures within a certain range to expand the range of applicability of this 15 
method.  16 
Spectra of one gas mixture at constant temperature and four different pressures are presented 17 
in Figure 4. It is evident that the absorbance spectrum of the gas mixture is highly dependent 18 
on pressure, and an increase in pressure leads to an increase in absorbance spectrum at three 19 
different NIR regions that carry the relevant information for interested hydrocarbon species 20 
that compose the gas mixture. Moreover, to avoid optical saturation at different pressures, the 21 
detector gain level or the light intensity has been set properly. 22 
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All this analysis confirms that the spectroscopic signals are temperature and pressure 1 
dependence and variation in pressure and temperature may affect the accuracy of 2 
chemometric models that is constructed in a single operational temperature and pressure. 3 
Thereby, Individual PLS models were built at various temperatures and pressures to extend 4 
the application of this method since the temperature and pressure of gas mixtures may vary in 5 
natural gas pipelines. The operation range of pressure was chosen for the construction of the 6 
calibration model according to the path-length of the FTNIR cell. Path length is the distance 7 
that the light travels through the gas samples, and this length can be carefully chosen in 8 
accordance with the amount of an absorber along the distance that light travels. Hence, 9 
selection of optimum optical path length is the first important step in the development of 10 
FTNIR spectroscopy method. One criterion is to achieve sufficient signal-to-noise ratio in the 11 
interested spectra region. Very strong absorbance (AU > 2) increases the error of 12 
measurement because the sample absorbs most of the lights and only a small amount of light 13 
can be detected by the detector. On the other hand, very low absorbance provides not so 14 
much information about the evolution of the species concentration. Consequently, to decrease 15 
the error and uncertainty of the measurement and to achieve to a good signal to noise ratio, 16 
the operating pressure is chosen to be in a range between 3.44 MPa to 13.78 MPa where the 17 
absorbance unit varies from around 2 to 0.05 AU. 18 
4.2 Spectral range selection 19 
Selection of the right wavelength region plays an important role to improve the performance 20 
of the calibration model. The idea behind the optimum wavelength selection is the 21 
identification of an appropriate subset that will provide lower error values for the validation 22 
and prediction data set.
34
 To arrive at the true wavelength region, the region with lower 23 
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RMSECV value and latent variable numbers should be selected as an optimal subset of 1 
wavelengths for a given data set.   2 
Figure 5 shows the FTNIR spectra of all thirty-one synthetic gas mixtures containing 3 
methane, ethane, propane, i-butane and n-butane that are used for quantitative analysis at 4 
pressure of 10.34 MPa and temperature of 293.15 K. After inspecting the whole NIR spectral 5 
region, the spectral range lower than 1100 nm and higher than 2100 nm were excluded from 6 
data set due to poor and extreme absorption of hydrocarbons in these areas, respectively.  7 
In order to select the appropriate spectral range for generation of the calibration models, a 8 
PLS model pre-treated with first Savitzky-Golay derivative (SGD1) was developed for one of 9 
the given data set at a specific temperature and pressure condition (T = 293.15 K and P = 10 
6.89 MPa). The plots of weighed regression coefficients for the developed PLS model in the 11 
NIR range between 1100 to 2000 nm were plotted for all the components together in order to 12 
discover the regions that are mostly contributed in the generation of the calibration model 13 
(Figure 6). The significance of a variable in developing a PLS model can be find out 14 
according to the magnitude of the PLS regression coefficients.
35
 It is apparent that the 15 
magnitude of the regression coefficients for all the components are very small at the second 16 
overtone (1100-1200 nm) and the first overtone of the combination modes of hydrocarbons 17 
(1350 - 1400 nm) and consequently these regions cannot provide valuable information for the 18 
construction of the calibration models. As can be seen, the first overtone region of 19 
hydrocarbons (1600 - 1850 nm) is contributed most to the construction of the calibration 20 
model. Significant deviations were associated with all the components with the PLS models 21 
developed using regions between 1100 - 1200 nm, 1350 - 1450 nm which directed that the 22 
predictions of methane, ethane, propane, i-butane and n-butane cannot be trusted for models 23 
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that developed across these regions. The first overtone region provides better accuracy for the 1 
gas species with lower molar absorptivity (low concentration). Lower RMSECV values and 2 
few numbers of latent variables were observed for all the individual components in this 3 
region for all calibration pressures and temperatures. To find the optimum wavelength region 4 
for quantitative determination of interested hydrocarbon components, the NIR spectrum from 5 
1600 - 1850 nm was split into several intervals. The results revealed that the restricted region 6 
between 1670 - 1800 nm provides lower RMSECV and RMSEP values compared to other 7 
regions (See Supporting Information). 8 
4.3 Construction of the calibration models (PLS) 9 
After recording the FTNIR spectra of each sample (synthetic gas mixture) at specified 10 
pressure and temperature conditions, firstly the reference intensity (I0, vacuumed cell) and the 11 
sample spectrum (I) were both normalized (maximum method) and then used to convert to 12 
absorbance unit. Various pre-processing techniques were then applied to calibration data set 13 
to evaluate the effect of these techniques on the accuracy of the developed PLS model. As 14 
mentioned earlier, the best results obtained when the first Savitzky-Golay derivative (SGD1) 15 
with smoothing over 5 points plus orthogonal signal correction (OSC) were applied to the 16 
FTNIR spectra data. In order to find the optimum number of the smoothing points, different 17 
smoothing points were implemented to the spectra data using the Savitzky-Golay algorithm. 18 
The best results in terms of RMSECV were observed when the Savitzky-Golay with five 19 
smoothing points was applied to the spectra data. A slight improvement was noted in the 20 
RMSECV value for all the components while orthogonal signal correction applied to the 21 
spectra data after applying the Savitzky-Golay algorithm. The presence of outliers in dataset 22 
was investigated during construction of the PLS models by computing Q residuals and 23 
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Hotelling's T
2
 with 95% confidence level. Hotelling's T
2
  is defined as the sum of normalised 1 
squared scores
36
 and was employed to measure the variation between the sample and the 2 
model. Q residuals are the sum of square errors between the sample and the model, in other 3 
word, Q residuals present the amount of variation that is not captured to build up the model 4 
for each sample.
37
 Samples with large residual and high Hotelling’s T
2
 values were identified 5 
as anomalous samples and removed from the dataset. The existence of outlier in the dataset 6 
could be due to the error in FTNIR measurements or the error in sample preparation.
38
 7 
Therefore, it is required to remove the outliers from the data set during construction of the 8 
calibration models and develop new PLS models with remaining calibration data set because 9 
the presence of outliers affects the accuracy and performance of the regression model. In this 10 
work, one sample in calibration data set was found as outliers. Furthermore, the optimum 11 
number of the latent variables for each component was selected based on the RMSECV 12 
values of different latent variables. With an increase in a number of latent variable, the 13 
RMSECV value starts to decrease. Basically, while no significant variation is observed in the 14 
RMSECV value from one number of latent variable to the next, the subsequent latent 15 
variables are not considered for developing of the PLS models since they may just provide 16 
some noise or irrelevant information. The optimal number of latent variables for the PLS 17 
model was selected to be 2 for methane, 4 or 5 for ethane, propane and i-butane, and 5 or 6 18 
for n-butane according to the target temperature and pressure of the system. The results of the 19 
developed PLS models are tabulated in Table 3. Low RMSECV values and high R
2
 values 20 
were found for all the final PLS models, indicating created models can be trusted for 21 
monitoring the composition of main hydrocarbons in the gas mixtures. 22 
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4.4 Evaluation of the PLS models  1 
4.4.1 Synthetic gas mixtures  2 
To evaluate the accuracy of the developed PLS models twenty independent synthetic gas 3 
mixtures within the range of the calibration were prepared in the laboratory and analysed with 4 
GC. The results of PLS models that were obtained for methane, ethane, propane, i-butane and 5 
n-butane at various pressure and temperature conditions are presented in Table 4. 6 
Additionally, the performance of each PLS model at various temperatures and pressures for 7 
independent samples is represented graphically through plots of FTNIR-predicted data 8 
derived from the PLS models versus the values determined by the GC (Figure 7 – Figure 9). 9 
As can be seen, there is no significant difference between FTNIR predictive values and 10 
measured values, and the PLS-determined methane, ethane, propane, i-butane and n-butane 11 
concentrations are so adjacent to the 0-error line which indicates the good predictive 12 
capability of the developed PLS models at different pressures. Regarding RMSEP, results for 13 
methane, ethane, propane, i-butane and n-butane varied from 0.176 to 0.202, 0.164 to 0.204, 14 
0.133 to 0.176, 0.094 to 0.153, and 0.094 to 0.141 cmol/mol, respectively, indicating a small 15 
difference in comparison to the measured values at various pressure and temperature 16 
conditions. Furthermore, the R
2
 statistic was calculated for individual samples, and results 17 
show good agreement between predicted and measured values. It can be seen all the 18 
developed PLS models have a good predictive statistics in terms of low RMSEP and SEP 19 
values and high R
2
 value that indicate the capability of the proposed PLS models to 20 
determine the composition of samples. However, in some cases, higher RMSEP values were 21 
observed for some of the studied components at a pressure of 3.44 MPa compared to others. 22 
This may be attributed to the low absorbance of hydrocarbons at respective pressure 23 
compared to other calibration pressures. As one can see from Table 4 the values of SEP and 24 
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RMSEP are very similar, showing that biases do not affect the accuracy of PLS models. One-1 
tailed t-test was also carried out for all the developed PLS models using Eq. 8 for the 2 
prediction samples to test the significance of bias that was included in the model. It was 3 
noticed that the relevant bias does not produce significant systematic errors since the tcalculated 4 
for all the components was less than tcritical at a level of 95% confidence.
30 All of the models 5 
developed in this study had RPD value higher than 2.77, indicating created models can be 6 
trusted for monitoring the composition of main hydrocarbons in gas samples. The RPD 7 
values ranged from 20.85 to 24.59, 13.07 to 16.56, 11.24 to 14.96, 2.78 to 4.37 and 3.27 8 
to 4.83 for methane, ethane, propane, i-butane and n-butane models, respectively, at 9 
different T&P conditions. Limit of detection (LoD) was also calculated for the final 10 
multivariate calibration models to define the minimum concentration of a species that can be 11 
measured using the FTNIR spectrometer. The replicate spectra of 10 samples without any 12 
solute (pure nitrogen) and the spectra of 10 samples with the highest value of solute were 13 
measured at different T&P conditions. The corresponding final PLS regression models were 14 
employed to predict the concentration of each component. Then, the average standard 15 
deviation of the predicted values was calculated for each model and was multiplied by 10/3 to 16 
roughly calculate the LoD 
39
. 17 
4.4.2 Natural gas and certified gas mixtures  18 
The prediction capability of the developed PLS models at 293.15 K and various pressures 19 
were also examined for one unknown natural gas mixture and one certified gas mixture that 20 
contains hydrocarbon components (methane through pentanes), carbon dioxide, and nitrogen 21 
against the gas chromatography as a conventional and reliable method for monitoring the 22 
concentration of hydrocarbons in gas mixtures. It is well-known that nitrogen as well as 23 
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oxygen are not NIR active and do not absorb the emitted light. Moreover, carbon dioxide 1 
absorbs the NIR light at another region different from the region which was used to construct 2 
the calibration models. Figure 10 illustrates carbon dioxide, methane, and nitrogen absorption 3 
spectra in the range between 1600 to 2100 nm that was obtained by the FTNIR spectrometer 4 
at room temperature and 3.44 MPa.  It is clear that carbon dioxide and methane 5 
(representative of hydrocarbons) absorb the NIR lights at two different regions, and there is 6 
no interference between absorption spectra of hydrocarbons and carbon dioxide. It is 7 
expected that existence of these components in the sample do not affect the accuracy of the 8 
results. The objectives of these tests were to compare the NIR values obtained with those of 9 
GC analysis and to investigate the influence of the presence of nitrogen, CO2, and other 10 
heavier hydrocarbons such as pentanes in the natural gas to confirm the accuracy and 11 
reliability of the developed PLS models. The spectra were recorded at 293.15 K and four 12 
different pressures. Then, the withdrawn samples were injected into the GC by means of gas 13 
syringes with the volume of 500 µl. Measurement time for GC and FTNIR analysis were 14 
about 15 minutes and 90 seconds, respectively. For both methods, the average value of three 15 
measurements was used as the final value. The results are summarised in Tables 5 and 6. It 16 
should be noted that the measured values obtained by GC for nitrogen, carbon dioxide, i- 17 
pentane and n-pentane was removed from the results and the rest of the measured values by 18 
GC were normalised to 100 cmol/mol. It can be seen that there is a good agreement between 19 
the predicted and measured values of hydrocarbons using NIR (at all considered pressures) 20 
and GC for the same components. As expected, the presence of nitrogen, carbon dioxide in 21 
the natural gas do not affect the accuracy of the chemometric models. The difference between 22 
NIR and GC measurements can be explained by the accuracy of their measurements. These 23 
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results suggest that this method is insensitive to the components that are NIR inactive, as well 1 
as components that do not contain carbon-hydrogen molecular bonds in their structures. 2 
To summarise, FTNIR spectroscopy is a fast, accurate and robust method to monitor and 3 
measure the composition of main hydrocarbons species simultaneously in the gas phase. 4 
Moreover, because of its capability to operate at high pressures, the FTNIR analyser can be 5 
employed at in-situ pressure beside the gas outlet of the pipelines for online monitoring of 6 
hydrocarbon gas compositions without requiring any gas carrier and skilled operators in 7 
comparison with gas chromatography, which makes it easy to use with significant reduction 8 
in the operation costs. 9 
4.4.3 Temperature and pressure sensitivity analysis 10 
The effect of a shift in pressure and temperature was examined for a specific PLS regression 11 
model. A series of experiments were conducted to characterise the sensitivity of the 12 
constructed PLS regression model at a pressure of 6.89 MPa and temperature of 293.15 K. To 13 
investigate the effect of pressure shift, firstly one synthetic gas sample containing methane, 14 
ethane, propane, i-butane and n-butane was introduced into the FTNIR cell, and the pressure 15 
and temperature of the cell were then set at 6.89 MPa and 293.15K respectively. The 16 
concentration of each component was predicted using the developed PLS models, and the 17 
average of predicted values for three measurements for all the five components was utilised 18 
as the reference value. Then, the pressure of the gas sample in the cell was varied from 6.89 19 
MPa to 7.58 MPa and from 6.89 to 6.20 MPa with a specific interval at the fixed temperature. 20 
The spectra were recorded in triplicate for each pressure to calculate the standard deviation. 21 
The components concentration of the sample was predicted using acquired spectra by using 22 
the developed PLS model at 293.15 K and pressure of 6.89 MPa and were subtracted from 23 
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the reference values to calculate the deviation in cmol/mol. The results are presented in 1 
Figure 11. These results specified that the variation of the pressure affects the performance of 2 
the PLS model at the calibrated pressure. As shown, a negative systematic error was observed 3 
for propane, ethane, and n-butane while the pressure for the validation set was lower than the 4 
pressure of the calibration set whereas, a positive systemic error was found for i-butane and 5 
methane at pressures lower than calibration set. A contrariwise trend was observed for all the 6 
components while the measurement pressure was higher than the pressure of the calibration 7 
set. It is worthy to note that our findings indicate that the error of PLS models to predict the 8 
concentration of individual components is negligible when the shift is less than 0.14 MPa in 9 
the measurement pressure, which is just related to  the uncertainty of measurement. 10 
The accuracy of one of the developed PLS model (P = 6.89 MPa, T = 293.15 K) was also 11 
evaluated regarding the influence of sample temperature variation on the FTNIR predicted 12 
values. At this time, the pressure of the sample inside the cell was kept constant (P = 6.89 13 
MPa) and the spectra were recorded at various temperatures. In Figure 12, the deviation of 14 
the measured values for methane, ethane, propane, i-butane, and n-butane with respect to the 15 
actual value of the synthetic gas mixture (values measured at P = 6.89 MPa, T = 293.15 K) 16 
using the chemometric models is shown as a function of temperature together with error bars. 17 
No significant variation in the concentration of methane, ethane and propane had been 18 
observed while the shift in temperature was less than 2 K. It should be noted that small errors 19 
in this range of temperature are within the uncertainty measurements of the models. 20 
Furthermore, negligible errors were noticed for i-butane and n-butane while the temperature 21 
was changed from 278.15 K to 288.15 K with 1 K interval. All these results confirmed that 22 
variation in pressure and temperature of the sample affect the accuracy of PLS models that 23 
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created at specific pressure and temperature. Therefore, it is necessary to maintain the 1 
temperature and pressure of the system to an accuracy of ±2 K and ±0.14 MPa to achieve 2 
accurate results. 3 
5. CONCLUSIONS 4 
The results of this study demonstrate that FTNIR spectroscopy methods associated with 5 
chemometric techniques can be used to determine the composition of methane, ethane, 6 
propane, i-butane and n-butane in the gas phase at in-situ pipeline pressure. FTNIR 7 
calibration models were developed using PLS regression with the first Savitzky-Golay 8 
derivative plus orthogonal signal correction (OSC) pre-treatment in the spectral range 9 
between 1670 to 1800 nm at various pressures (3.44, 6.89, 10.34 and 13.78 MPa) and 10 
temperatures (278.15 K, 293.15 K, and 313.15 K). Overall, the PLS models yielded 11 
reasonably low deviations from the GC analysis for all the components. The sensitivity of the 12 
FTNIR spectroscopy technique to the test pressure and temperature was investigated. It was 13 
concluded that the developed PLS models could provide sufficient measurement accuracy if 14 
the shift is less than 2 K in the measurement temperature and 0.14 MPa in the measurement 15 
pressure. 16 
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Table 1. Purity and source of samples used in this study. 
Chemical name Source Mole fraction purity Analysis method 
Methane BOC 0.999 GC 
Ethane BOC 0.995 GC 
Propane BOC 0.995 GC 
i-butane BOC 0.995 GC 
n-butane BOC 0.995 GC 
Carbon dioxide BOC 0.999 GC 
Nitrogen BOC 0.999 GC 
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Table 2. Calibration samples used for the construction of the PLS models, cmol/mol. 
No. 
Methane Ethane Propane i-butane n-butane 
GC Calculated GC Calculated GC Calculated GC Calculated GC Calculated 
1 79.89 79.78 12.04 12.11 5.51 5.55 2.01 1.94 0.55 0.62 
2 80.02 79.90 11.03 10.98 6.01 6.09 0.97 1.02 1.97 2.01 
3 80.00 80.11 10.54 10.51 6.41 6.38 1.07 1.01 1.98 1.99 
4 80.11 80.02 9.11 9.09 8.12 8.22 1.15 1.20 1.51 1.47 
5 84.05 83.89 11.06 11.11 4.03 4.12 0.45 0.51 0.41 0.37 
6 84.01 83.90 10.02 10.09 5.01 5.11 0.49 0.45 0.47 0.45 
7 84.0 84.18 9.02 9.08 4.52 4.43 0.41 0.35 2.05 1.96 
8 84.03 84.22 7.05 6.96 6.01 6.02 1.99 1.95 0.92 0.85 
9 84.05 83.89 11.95 12.05 3.31 3.35 0.38 0.45 0.31 0.26 
10 87.05 86.88 8.01 7.99 2.01 2.08 1.41 1.48 1.52 1.57 
11 86.50 86.66 5.40 5.39 4.89 4.82 1.11 1.05 2.10 2.08 
12 87.05 86.99 6.94 6.96 4.03 4.11 1.53 1.55 0.45 0.39 
13 87.11 87.02 7.92 7.85 2.53 2.63 0.84 0.89 1.60 1.61 
14 87.06 87.01 10.91 11.05 1.35 1.25 0.35 0.40 0.33 0.29 
15 87.05 87.11 5.28 5.18 5.45 5.47 1.10 1.05 1.12 1.19 
16 90.11 90.29 5.91 5.96 3.05 2.97 0.41 0.34 0.52 0.44 
17 90.05 90.16 5.40 5.30 2.45 2.49 0.89 0.94 1.21 1.11 
18 90.01 90.15 7.98 7.89 1.01 1.11 0.43 0.38 0.57 0.47 
19 90.02 90.11 7.02 6.89 1.95 2.01 0.46 0.43 0.55 0.56 
20 93.07 92.95 5.09 5.18 1.08 1.12 0.28 0.22 0.48 0.53 
21 93.04 93.24 4.05 4.01 0.98 0.91 0.89 0.87 1.04 0.97 
22 92.98 93.11 4.44 4.40 1.45 1.41 0.61 0.55 0.52 0.53 
23 93.01 93.02 3.01 3.06 2.01 1.94 1.01 1.11 0.96 0.87 
24 93.0 93.11 6.48 6.39 0.52 0.50 0 0 0 0 
25 93.01 93.15 5.90 5.99 0.49 0.39 0.29 0.22 0.31 0.25 
26 96.12 96.01 2.12 2.05 1.11 1.19 0.35 0.39 0.30 0.36 
27 96.0 96.20 3.05 2.95 0.95 0.85 0 0 0 0 
28 98.05 97.84 1.45 1.55 0.50 0.61 0 0 0 0 
29 99.38 99.54 0 0 0 0 0.29 0.21 0.33 0.25 
30 99.05 98.89 0.43 0.50 0.52 0.61 0 0 0 0 
31 100.0 100.0 0 0 0 0 0 0 0 0 
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Table 3. Performance of the developed PLS models 
Components 
Temperature  
(K) 
Pressure 
(MPa) 
LV
* 
RMSECV 
(cmol/mol) 
R
2 
      
Methane 
278.15 3.44 2 0.201 0.997 
293.15 3.44 2 0.206 0.996 
313.15 3.44 2 0.205 0.996 
278.15 6.89 2 0.193 0.996 
293.15 6.89 2 0.192 0.996 
313.15 6.89 2 0.191 0.997 
278.15 10.34 2 0.195 0.997 
293.15 10.34 2 0.198 0.997 
313.15 10.34 2 0.191 0.998 
278.15 13.78 2 0.189 0.997 
293.15 13.78 2 0.192 0.998 
313.15 13.78 2 0.198 0.998 
      
Ethane 
278.15 3.44 5 0.190 0.996 
293.15 3.44 5 0.181 0.996 
313.15 3.44 5 0.183 0.996 
278.15 6.89 4 0.174 0.997 
293.15 6.89 5 0.186 0.996 
313.15 6.89 4 0.176 0.996 
278.15 10.34 4 0.196 0.996 
293.15 10.34 4 0.166 0.997 
313.15 10.34 4 0.162 0.997 
278.15 13.78 4 0.191 0.996 
293.15 13.78 4 0.173 0.997 
313.15 13.78 4 0.184 0.996 
      
Propane 
278.15 3.44 4 0.132 0.997 
293.15 3.44 5 0.151 0.996 
313.15 3.44 5 0.142 0.997 
278.15 6.89 4 0.154 0.996 
293.15 6.89 5 0.123 0.996 
313.15 6.89 4 0.124 0.996 
Page 29 of 46
ACS Paragon Plus Environment
Energy & Fuels
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
30 
 
 
278.15 10.34 5 0.123 0.995 
293.15 10.34 4 0.123 0.995 
313.15 10.34 4 0.116 0.996 
278.15 13.78 4 0.125 0.995 
293.15 13.78 5 0.114 0.996 
313.15 13.78 5 0.142 0.995 
      
i-butane 
278.15 3.44 4 0.062 0.988 
293.15 3.44 4 0.073 0.983 
313.15 3.44 4 0.075 0.982 
278.15 6.89 4 0.093 0.980 
293.15 6.89 4 0.091 0.979 
313.15 6.89 5 0.117 0.982 
278.15 10.34 4 0.084 0.982 
293.15 10.34 4 0.106 0.981 
313.15 10.34 4 0.094 0.981 
278.15 13.78 5 0.101 0.985 
293.15 13.78 5 0.073 0.989 
313.15 13.78 5 0.099 0.981 
      
n-butane 
278.15 3.44 5 0.082 0.979 
293.15 3.44 5 0.074 0.982 
313.15 3.44 5 0.075 0.981 
278.15 6.89 6 0.073 0.984 
293.15 6.89 5 0.072 0.985 
313.15 6.89 5 0.073 0.985 
278.15 10.34 5 0.062 0.989 
293.15 10.34 5 0.074 0.985 
313.15 10.34 5 0.077 0.984 
278.15 13.78 5 0.095 0.982 
293.15 13.78 5 0.078 0.983 
313.15 13.78 6 0.083 0.983 
 
* 
Latent variables
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Table 4. Prediction of the PLS models for methane, ethane, propane, i- butane and n-butane 
in synthetic gas mixtures (independent samples)  
 
Components 
Temperature  
(K) 
Pressure 
(MPa) 
RMSEP 
(cmol/mol) 
R2 
SEP 
(cmol/mol) 
RPD  
LoD 
(cmol/mol) 
        
Methane 
278.15 3.44 0.182 0.998 0.185 24.46 0.91 
293.15 3.44 0.202 0.998 0.199 22.74 0.90 
313.15 3.44 0.216 0.998 0.217 20.85 0.90 
278.15 6.89 0.184 0.998 0.188 24.07 0.89 
293.15 6.89 0.190 0.998 0.188 24.07 0.89 
313.15 6.89 0.189 0.998 0.191 23.69 0.88 
278.15 10.34 0.176 0.998 0.179 25.28 0.88 
293.15 10.34 0.184 0.998 0.187 24.20 0.89 
313.15 10.34 0.181 0.998 0.184 24.59 0.89 
278.15 13.78 0.181 0.998 0.187 24.20 0.88 
293.15 13.78 0.191 0.999 0.192 23.57 0.89 
313.15 13.78 0.180 0.998 0.184 24.59 0.88 
        
Ethane 
278.15 3.44 0.204 0.994 0.209 13.07 0.38 
293.15 3.44 0.198 0.995 0.201 13.59 0.39 
313.15 3.44 0.201 0.995 0.206 13.26 0.39 
278.15 6.89 0.183 0.997 0.185 14.77 0.39 
293.15 6.89 0.178 0.997 0.180 15.18 0.38 
313.15 6.89 0.166 0.996 0.171 15.98 0.39 
278.15 10.34 0.185 0.997 0.188 14.53 0.38 
293.15 10.34 0.177 0.997 0.178 15.35 0.38 
313.15 10.34 0.166 0.996 0.173 15.79 0.37 
278.15 13.78 0.187 0.997 0.190 14.38 0.38 
293.15 13.78 0.173 0.998 0.174 15.70 0.38 
313.15 13.78 0.164 0.997 0.165 16.56 0.37 
        
Propane 
278.15 3.44 0.176 0.992 0.181 11.24 0.33 
293.15 3.44 0.167 0.994 0.173 11.76 0.33 
313.15 3.44 0.172 0.995 0.177 11.49 0.34 
278.15 6.89 0.143 0.995 0.149 13.65 0.33 
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293.15 6.89 0.138 0.996 0.142 14.32 0.33 
313.15 6.89 0.131 0.996 0.139 14.63 0.33 
278.15 10.34 0.144 0.995 0.149 13.65 0.32 
293.15 10.34 0.133 0.996 0.136 14.96 0.33 
313.15 10.34 0.136 0.996 0.139 14.63 0.33 
278.15 13.78 0.136 0.995 0.141 14.43 0.32 
293.15 13.78 0.135 0.995 0.139 14.63 0.33 
313.15 13.78 0.133 0.995 0.137 14.85 0.32 
        
i-butane 
278.15 3.44 0.153 0.924 0.154 2.78 0.14 
293.15 3.44 0.143 0.934 0.149 2.87 0.14 
313.15 3.44 0.139 0.935 0.141 3.04 0.13 
278.15 6.89 0.124 0.949 0.126 3.40 0.13 
293.15 6.89 0.106 0.951 0.111 3.86 0.14 
313.15 6.89 0.124 0.934 0.126 3.40 0.14 
278.15 10.34 0.108 0.949 0.109 3.93 0.13 
293.15 10.34 0.112 0.954 0.119 3.60 0.12 
313.15 10.34 0.112 0.943 0.112 3.82 0.13 
278.15 13.78 0.108 0.945 0.108 3.96 0.13 
293.15 13.78 0.094 0.952 0.098 4.37 0.13 
313.15 13.78 0.107 0.942 0.108 3.96 0.13 
        
n-butane 
278.15 3.44 0.136 0.939 0.141 3.29 0.15 
293.15 3.44 0.128 0.934 0.129 3.60 0.16 
313.15 3.44 0.141 0.929 0.142 3.27 0.16 
278.15 6.89 0.112 0.940 0.114 4.07 0.16 
293.15 6.89 0.101 0.949 0.102 4.55 0.15 
313.15 6.89 0.129 0.946 0.133 3.49 0.14 
278.15 10.34 0.117 0.941 0.119 3.90 0.15 
293.15 10.34 0.106 0.951 0.108 4.30 0.14 
313.15 10.34 0.103 0.951 0.106 4.38 0.14 
278.15 13.78 0.126 0.949 0.128 3.63 0.14 
293.15 13.78 0.094 0.959 0.096 4.83 0.15 
313.15 13.78 0.117 0.958 0.118 3.93 0.14 
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Table 5. Comparison of the NIR results at 293.15K and various pressures with GC for one certified gas mixture, in cmol/mol. 
 
 
 
 
 
 
 
 
 
                              * Com. and Dev. denote composition and deviation, respectively. 
 
 
 
Components GC  FTNIR* 
 Absolute normalized 3.44 MPa 6.89 MPa 10.34 MPa 13.78 MPa 
   Com. Dev. Com. Dev. Com. Dev. Com. Dev. 
Methane 88.11 91.27 91.13  0.14 91.21 0.06 91.19 0.08 91.19 0.08 
Ethane 5.91 6.12  6.05  0.07 6.09 0.03 6.11 0.01 6.12 0.0 
Propane 1.92 1.99 2.05  -0.06 1.95 0.04 1.97 0.02 1.96 0.03 
i-butane 0.35 0.36  0.42  -0.06 0.43 -0.07 0.42 -0.06 0.40 -0.04 
n-butane 0.25 0.26  0.35  -0.09 0.32 -0.06 0.31 -0.05 0.33 -0.07 
Carbon dioxide 1.37 0.00 N/A N/A N/A N/A N/A N/A N/A N/A 
Nitrogen 2.09 0.00 N/A N/A N/A N/A N/A N/A N/A N/A 
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Table 6. Comparison of the NIR results at 293.15K and various pressures with GC for an unknown natural gas sample, in cmol/mol. 
Components GC  FTNIR 
 Absolute normalized 3.44 MPa 6.89 MPa 10.34 MPa 13.78 MPa 
   Com. Dev. Com. Dev. Com. Dev. Com. Dev. 
Methane 90.29 92.53 92.12 0.41 92.04 0.49 92.04 0.49 92.08 0.45 
Ethane 5.48 5.61 5.75 -0.14 5.78 -0.17 5.78 -0.17 5.73 -0.12 
Propane 1.35 1.37 1.46 -0.09 1.48 -0.11 1.46 -0.09 1.49 -0.12 
i-butane 0.20 0.22 0.33 -0.11 0.32 -0.10 0.34 -0.12 0.35 -0.13 
n-butane 0.25 0.27 0.34 -0.07 0.38 -0.11 0.38 -0.11 0.35 -0.08 
i-pentane 0.05 0.00 N/A N/A N/A N/A N/A N/A N/A N/A 
n-pentane 0.03 0.00 N/A N/A N/A N/A N/A N/A N/A N/A 
Carbon dioxide 1.02 0.00 N/A N/A N/A N/A N/A N/A N/A N/A 
Nitrogen 1.32 0.00 N/A N/A N/A N/A N/A N/A N/A N/A 
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Figure 1. FTNIR Spectra of the pure hydrocarbons at atmospheric pressure and room 
temperature that captured by the FTNIR spectrometer. 
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Figure 2. Schematic diagram of the FTNIR setup, 1: Cooling / Heating bath, 2: NIR light 
source, 3: Fibre optic, 4: Collimating lens, 5: Sapphire windows, 6: High-pressure cell, 7: 
Spectrometer, 8: Pressure transducer, 9: Temperature probe, 10: Vacuum pump and V: valve. 
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Figure 3. FTNIR Spectra of one synthetic gas mixture at 6.89 MPa and three different 
temperatures: 278.15 K, 293.15 K, and 313.15 K. 
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Figure 4. FTNIR Spectra of one synthetic gas mixture at 293.15 K and four different 
pressures: 3.44 MPa, 6.89 MPa, 10.34 MPa and 13.78 MPa. 
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Figure 5. FTNIR Spectra of 30 synthetic gas mixtures with different methane, ethane, 
propane, i-butane and n-butane contents at pressures of 10.34 MPa and temperature of 293.15 
K. 
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Figure 6. Weighted regression plot for each component. 
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Figure 7. PLS regression plot of predicted versus actual concentration of methane (a), ethane 
(b), propane (c), i-butane (d) and n-butane (e) in synthetic gas mixtures (independent 
samples) at temperature of 278.15 K and various pressures (3.44 , 6.89 , 10.34, and 
13.78   MPa). ×
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Figure 8. PLS regression plot of predicted versus actual concentration of methane (a), ethane 
(b), propane (c), i-butane (d) and n-butane (e) in synthetic gas mixtures (independent 
samples)  at temperature of 293.15 K and various pressures (3.44 , 6.89 , 10.34, and 
13.78   MPa). ×
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Figure 9. PLS regression plot of predicted versus actual concentration of methane (a), ethane 
(b), Propane (c), i-butane (d) and n-butane (e) in synthetic gas mixtures (independent 
samples)   at temperature of 313.15 K and various pressures (3.44 , 6.89 , 10.34, and 
13.78   MPa). ×
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Figure 10. FTNIR spectra of pure carbon dioxide, methane and nitrogen at a pressure of 3.44 
MPa and room temperature from FTNIR spectrometer. 
 
  
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
1600 1700 1800 1900 2000 2100
A
b
s
o
rb
a
n
c
e
  
/ 
A
U
Wavelength / nm
Methane
Carbon dioxide
Nitrogen
Page 44 of 46
ACS Paragon Plus Environment
Energy & Fuels
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
45 
 
 
 
Figure 11. Effect of pressure variation on the FTNIR predicted values on the 293.15 K 
isotherm. The error bars characterise the standard deviation between three measurements. 
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Figure 12. Effect of temperature variation on the FTNIR predicted value at a pressure of 6.89 
MPa. The error bars characterise the standard deviation between three measurements 
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